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Abstract 
The aim of this work is to follow the agglomeration mechanism of an in situ Fluid Bed Melt 
Granulation (FBMG) by means of machine learning with Artificial Neural Network (ANN) 
modelling. Scanning Electron Microscopy (SEM) was used as a complementary tool with 
particle size analysis to evaluate the effect of the material properties on the quality attributes 
of the final granules and provide further insight into the growth mechanisms. The experiments 
were performed using lactose monohydrate as model filler and two grades of polyethylene 
glycol (PEG 2000 and 6000) as meltable binders in different contents and in different size 
fractions, respectively. A multilayer perceptron neural network was developed using 
MATLAB neural network toolbox and the evaluated quality attributes of the final granules 
were used as a database for the development and selection of the optimal architecture of the 
ANN model. The Garson equation was used to quantify the relative importance of each 
independent variable and thus it was established that the particle size had the highest impact 
on the granule properties. The distribution and immersion granule growth mechanisms were 
determined to occur for low and high binder particle size, respectively, as confirmed by the 
SEM pictures, and the response surfaces helped determine the optimal design space of the 
process and the optimal FBMG conditions. 
 
 
 
 
 
Keywords: Fluid Hot Melt Granulation, Granulation Mechanism, Artificial Neural Network, 
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1. Introduction 
Hot melt granulation (HMG) is an emerging alternative granulation technique based on the 
use of low melting point materials heated to near or above their melting point as molten 
binders in order to improve the quality attributes of the excipient and active pharmaceutical 
ingredients (APIs) mixture, such as particle size, compressibility, compactability, flowability, 
for the production of solid dosage forms [1]. Unlike the wet granulation, melt granulation 
does not require liquids or solvents, which makes the process suitable to process moisture 
sensitive APIs. Also, the wetting and drying phase are eliminated, making the process more 
acceptable from an economic and an ecological point of view [2, 3]. HMG can be performed 
in a high shear mixer or a fluidized bed unit, with the former being the most common [4] as it 
is a developing process for the preparation of pharmaceutical granules for tableting [5]. HMG 
in fluidized beds can be performed with two techniques, depending on the binder addition 
procedure. The binder can be added either in a molten state sprayed onto the fluidized solid 
particles (Spray-on procedure) or as solid binder particles added and fluidized together with 
drug particles and excipients (In-situ/Co-melt procedure), which melt during the increase in 
air temperature [1, 6]. Fluid bed melt granulation (FBMG) has gained increased research 
attention and depending on granule requirements, either modified release dosage forms can be 
prepared [7-9] for the higher binder to substrate ratio, higher density and reduced porosity 
[10] or immediate release dosage forms [11]. Also, the improvement of the bioavailability of 
poorly water soluble drugs [12, 13] and PH-dependent drug release [14, 15] can be achieved; 
therefore, understanding the mechanisms prevailing in the granulation process is a 
prerequisite for obtaining proper control over the quality attributes of the products [16]. 
Consequently, many authors have focused on revealing the influence of some of the most 
important experimental variables on product quality, starting with the work of Schaefer’s 
group [6, 17-19] on the effects of binder spray rate, binder viscosity, droplet size, bed 
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temperature on the performance of spray-on fluid bed melt granulation, showing that the 
granule growth mechanism is dependent on the ratio of binder droplet size to powder size and 
that a low ratio led to the nucleation mechanism and gave rise to coalescence enabling further 
granule growth [20]. However, when the binder droplet is larger than the size of the powder 
particles, the dominating agglomeration formation mechanism will be the immersion 
mechanism, where nuclei are formed where the powder particles adhere to the surface of the 
molten binder and get immersed. With regards to in-situ granulation, studies of the effect of 
formulation variables on the characteristics of granules by using different types of meltable 
binders were made [5, 10]. Additionally, results showed that binder melt viscosity influenced 
the granule size enlargement of granules [21]. As for co-melt granulation, granulation time, 
binder/granule mass ratio, binder viscosity and binder particle size were investigated to study 
the granules size, size distribution and growth mechanism [22-24] hence making FBMG a 
complex process with numerous variables that affect the agglomeration process. In addition, 
all these processes involved seeds of very small size, similar to or even smaller than the 
sprayed binder droplets. For this reason, the particles preferentially grew by agglomeration, 
the growth by pure coating being negligible [25]. Therefore its use relies more on the 
understanding of the relationships among various formulation and process factors in order to 
control the final product quality [26]. In this frame, the quality by design approach suggests 
the establishment of a relevant design space that leads to the development of a controllable 
and robust manufacturing process, emphasizing that quality should be built into the product 
during the development phase [27]. Two approaches have been reported to predict the growth 
regime in fluidized-bed granulation: a) the use of the Population Balance Equation (PBE) 
coupled with kinetics of particle size change [28] and b) models based on dimensionless 
numbers [29]. 
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The application of artificial neural networks (ANNs) is a widely used technique for the 
modelling and optimization, gaining importance in many areas of pharmaceutical research. It 
has been applied for the development and control of dosage forms and worked well for 
solving nonlinear problems of multivariate and multiresponse systems [28-34]. 
Also, to our knowledge, only one study on the use of ANN for modelling and optimizing 
FBMG has been reported. The authors applied surface response methodology and ANNs and 
compared both techniques regarding their modelling ability and predictability [26]. 
The aim of this paper is to further use the potential of ANNs in predicting the relative 
importance of the operating conditions (binder content, viscosity grade, particle size) 
regarding the final quality attributes (yield, mean size diameter, coefficient of variation of the 
size distribution, hardness, aspect ratio) of the granules in an in-situ fluid bed melt granulation 
and to characterize the mechanisms taking place during growth) to finally enable the process 
optimization. 
 
2. Materials and methods 
2.1. Materials 
Alpha-lactose monohydrate (Ph. Eur.) was used as a model filler with a mean particle size of 
100.16 µm. Two low melting point polymers (polyethylene glycol 2000; PEG 2000 and 
polyethylene glycol 6000; PEG 6000, Fluka, Switzerland) were used as meltable binders. The 
PEG flakes were finely ground using the planetary ball mill PM 100 (Retsch, Germany) at 
150 rpm for 30 min and then sieved using laboratory test sieves (Retsch, Germany) into 
different size fractions (63-125, 125-250, 250-500, 500-710, 710-900, 900-1120 µm). 
 
2.2. Fluidized bed melt granulation 
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The PEG and lactose monohydrate were granulated in a Strea-1 (Niro Aeromatic, Bubendorf, 
Switzerland) fluid bed chamber. A batch size of 200 g was used. The materials were mixed 
for 5 min in a Turbula mixer (Willy A. Bachofen Maschienenfabrik, Basel, Switzerland) to 
homogenize the physical mixture since there are not enough shear forces in the fluid bed 
granulator and then inserted and fluidized in the preheated chamber for a period of 10 min and 
at constant air velocity of 2.5 m/s. The experiments are summarized in Table 1. The varied 
factors were the binder grade (viscosity) since PEG 2000 and PEG 6000 have different 
molecular weights and chain lengths, the meltable binder content ranging from 5% to 20% 
with a step of 5% W/W and the binder particle size in 5 different size fractions. The size 
fractions 125-250, 250-500, 500-710, 710-900, 900-1120 µm were used regarding PEG 2000 
and the size fractions 63-125, 125-250, 250-500, 500-710, 710-900 regarding PEG 6000. The 
outlet air temperatures were set at 60°C and 70°C for PEG 2000 and 6000, respectively, since 
the melting points of PEG 2000 and 6000 were set at 53°C and 63°C, respectively. The yield 
of the process (Y%) is defined as the percentage of the product which meets the size 
requirements and is measured according to this equation [35]: 
𝑌 = (
𝑚𝑟
𝑚𝑏
) × 100 (1) 
Where mr and mb are the mass of granules in the specified size range (above 125 µm) and the 
batch size, respectively. 
2.3. Scanning electron microscopy 
The morphology of the agglomerate was investigated by Scanning Electron Microscopy 
(SEM) (Hitachi 4700, Hitachi Ltd., Tokyo, Japan), granule samples were coated with a gold 
film and both the whole and the cut granules were deposited on a double-adhesive carbon 
tape. The SEM images were obtained using a secondary electron detector. 
2.4. Granule size distribution 
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For each experiment, the particle size distribution of granules was determined using a laser 
diffraction technique (Mastersizer S, Malvern Instruments Ltd., Worcestershire, UK) where 
the analysis was performed in dry mode. The laser diffractometer yields the particle size 
distribution in volume, with particle measurement in the size range 0.1 to 2000 μm. 
Approximately 2 g of each sample was transferred in dried and clean sample feeder tray, 
vibration feed rate 50% and dispersive air pressure 2 bar were applied. Three parallel 
measurements were performed for each sample. For the evaluation of the size distribution of 
the granules, the coefficient of variation (CV) was used for it better describes a relative 
variation and puts the variability in perspective relative to the magnitude of the measurements 
[36]. Often expressed as a percentage, it is the ratio of the standard deviation to the mean. The 
percentile ratio value approaches unity as the distribution becomes narrower. 
2.5. Porosity measurement 
Porosity ɛ, is defined as the ratio of the volume of liquid and pores to the total volume shown 
in Eq. (2): 
𝜀 =
𝑉𝑙+𝑉𝑔
𝑉𝑠+𝑉𝑙+𝑉𝑔
.  (2) 
The porosity was determined for each granule sample. The true density (ρa) of each sample 
was measured using a Quantachrome helium Multipycnometer (QuantaChrome, USA). The 
true density of the tablets was determined with the use of a Quantachrome Helium 
Multipycnometer (Quantachrome, USA). The bulk density (ρb) was measured from the mass 
of an object divided by volume including the pore volume [37]. The porosity is then 
calculated using Eq. (3) given below: 
𝜀 = 1 − (
𝜌𝑏
𝜌𝑎
). (3) 
2.6. Granule strength measurement and yield 
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The breaking hardness was tested for all granules with a special hardness testing apparatus 
developed at the Institute of Pharmaceutical Technology and Regulatory Affairs, University 
of Szeged. This device contains a sample holder and a special vertically moving breaking tool 
with continuous speed. The force measurement cell is placed under the sample holder table, 
and it is connected to a computer via an interface; thus, not only can the ultimate deformation 
force be measured, but the process (force–time and force–displacement curves) can also be 
followed. If the measured plot (force–time) is parallel to the x-axis, the deformation is 
viscoelastic; if the plot rises linearly, the deformation is elastic [38]. 
Ten parallel measurements were performed. The measuring range was 0–200 N, the speed of 
the stamp was 20 mm/ min, the output was 0–5 V, and the sensitivity was ±0.5% ±0.1 digit. 
The sensor was UNICELL force measuring equipment, calibrated with the C9B 20 kN cell.  
2.7. Aspect ratio 
The particle size and the shape of the granules were studied by using a stereomicroscope 
(Zeiss Stemi 2000-C, Carl Zeiss GmbH, Vienna, Austria). An Image J. image processing and 
analysis system (Wayne Rasband National Institutes of Health, USA) was used. The aspect 
ratio was used for the evaluation of the shape of the particles. 500 granules of each sample 
were checked. The aspect ratio (AR) was calculated with the following equation [39]:  
𝐴𝑅 =  
𝑑𝑚𝑎𝑥
𝑑𝑚𝑖𝑛
 (4) 
Where the longest and shortest diameters were measured. 
2.8. Modelling using artificial neural networks 
For the evaluation of the experimental data, a multilayer perceptron neural network was 
developed. The ANNs toolbox on MATLAB® (R2015b, MathWorks®) was used in this study 
to design the architecture of the model. It enables the selection of neurons in each layer. The 
input layer constitutes the first layer (independent variables) and the last one forms the output 
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layer (dependent variables). One or more hidden layers can be located between them and its 
number of neurons is determined by the desired accuracy in the neural predictions [40]. The 
ANN model is also provides values of input strengths (Weights), which indicate the 
significance of the effect of each input on the output [31]. 
The selected input data for model were the studied factors (viscosity grade, content and 
particle size of binder) and the outputs were the final product properties to predict (Yield: Y, 
Mean Diameter: D50, Coefficient of Variation: CV, Hardness: H, Aspect Ratio: AR). Forty 
experiments were used as input data to build the neural network model. The data was divided 
into three categories, where 70% was used for training, 15% as the test and 15% as the 
validation randomly selected from the available database. The input data were combined with 
random weights as in a linear regression model (Ʃ) and then were transformed through a non-
linear function, which enabled the modeling of an A N. The activation function in the hidden 
layer and output layer is Tangent hyperbolic according to the following equation: 
𝐹(𝑛) =  (𝑒𝑥𝑝𝑛 − 𝑒𝑥𝑝−𝑛) (𝑒𝑥𝑝𝑛 + 𝑒𝑥𝑝−𝑛)⁄                                                                                     (5) 
For this, all inputs must be normalized to facilitate the calculation with the transfer function. 
The training phase of the neural network is performed using the feedforward back 
propagation algorithm, the connection weights of the network are adjusted using the delta rule 
based on the Levenberg-Marquardt method, and it is designated in MATLAB® by 
TRAINLM. The selection of the appropriate ANN model is based on its learning ability and 
predictability i.e. the model which presents the lowest mean square error (MSE) between the 
experimental and predicted (output) data. The latter (MSE) is calculated according to the 
following equation: 
𝑀𝑆𝐸 =
1
𝑛
∑ (𝑦𝑒𝑥𝑝,𝑚 − 𝑦𝑝𝑟𝑒𝑑,𝑚)
2
𝑛
𝑚=1
                                                                                                     (6) 
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Where N is the number of data point, yexp,m is the experimental response, ypred,m is the network 
prediction and m is an index of data.  
The experimental and predicted data are compared through a linear regression model with the 
equation Y=a*x+b. The coefficient of correlation indicates the proportion of the variance in 
the predicted response that is predictable from the experimental input data, according to the 
following equation: 
𝑅2 = 1 −
∑ (𝑦𝑒𝑥𝑝,𝑚 − 𝑦𝑝𝑟𝑒𝑑,𝑚)
2𝑛
𝑚=1
∑ (𝑦𝑒𝑥𝑝,𝑚 − ?̅?𝑝𝑟𝑒𝑑,𝑚)
2𝑛
𝑚=1
                                                                                                 (7) 
If the coefficient of determination is equal to 1, there is perfect correlation between targets 
and outputs. The simulation of a neural network model in MATLAB® is done with the sim 
command. The values are denormalized for the comparison with the targeted data. 
 
3. Results and discussion 
3.1. Model architecture and simulation 
In this study, the database used for the training of the ANN model and the determination of 
the optimal structure are the actual results of the quality attributes of the granule samples 
obtained from the investigations realized with the size and size distribution, hardness and 
shape measurements. The values of these measurements are summarized in Table 2. 
A performance evaluation of the limitations and capabilities of multilayer feedforward 
networks for the modeling of granule attributes was made. Network learning parameters and 
architectures were investigated for the determination of the best architecture. 
Single hidden-layer neural network architecture with different hidden neuron sizes was tested 
to decide on the optimal configuration. The architecture was tested 20 times with different 
initializations of the weights to take into account the probability of converging to local 
minima. Table 3 shows the Mean Square Error (MSE) of the validation set and the coefficient 
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of correlation for different numbers of hidden neurons in a single layer ANN. According to 
the results, the lowest MSE is 0.01562 for 5 hidden neurons with a coefficient of correlation 
of R= 0.99. MSE increases as the number of hidden neurons is increased beyond 5.  
The selected optimal, one hidden layer with 5 neurons architecture ANN model was trained 
using the feed-forward back propagation algorithm. The stopping criterion used for the 
learning of the neural network is that of early learning. The validation error decreases during 
the initial phase of learning. However, when the network starts to adjust too finely to the 
training data, the error on the validation set increases. When the validation error increases for 
a predetermined number of iterations, learning is stopped prematurely, that is to say, before 
full convergence of the algorithm and the limited on-adjustment. The weights and bias 
selected are those corresponding to the minimum of the validation error and the highest 
coefficient of determination R2 of each neural network [32]. After the mean square error on 
validation increases for 6 consecutive epochs, the final connection weight and bias values for 
the neural network will then be those corresponding to epoch 16. Hence, this model was 
found to be efficient in predicting the granule properties. The structure of the multilayer 
perceptron neural network used in this study and its connections between layers are shown in 
Fig. 1. 
Fig. 2 shows the parity plot with the 95% CI of the five predicted outputs of the neural 
network model compared to the measured experimental data. The results show that almost all 
data points are within the interval of confidence. This reveals that the values obtained from 
the ANN model are very close to the experimental data indicating good predictability and 
accuracy. Hence, this model was found to be efficient in predicting and simulating the granule 
properties. 
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All final properties predicted by the model were evaluated using a built-in function ‘Contour’ 
to establish the response surface plots enabling a clear visualization of the effect of the input 
variables on the a quality attributes of granules. 
 
3.1.1. Relative importance of input variables 
The ANN used provides the weights that are coefficients between the artificial neurons. This 
neural network weight matrix can help assess the relative importance of the various input data 
(independent variables) on the output (dependent variables) using the equation based on 
partitioning of connection weights proposed by Garson [41]: 
𝐼𝑗 =
∑ ((|𝑊𝑗𝑚
𝑖ℎ|/ ∑ |𝑊𝑘𝑚
𝑖ℎ |𝑁𝑖𝑘=1 ) × |𝑊𝑚𝑛
ℎ𝑜|)𝑚=𝑁ℎ𝑚=1
∑ {∑ (|𝑊𝑘𝑚
𝑖ℎ |/ ∑ |𝑊𝑘𝑚
𝑖ℎ |𝑁𝑖𝑘=1 ) × |𝑊𝑚𝑛
ℎ𝑜|𝑚=𝑁ℎ𝑚=1 }
𝑘=𝑁𝑖
𝑘=1
                                                                      (8) 
where Ij is the relative importance of the j
th input variable on output variable, Ni and Nh are 
the number of input and hidden-neurons, respectively, Ws are connection weights, the 
superscripts ‘i’, ‘h’ and ‘o’ refer to input, hidden and output layers, respectively, and 
subscripts ‘k’, ‘m’ and ‘n’ refer to input, hidden and output neurons, respectively [40]. 
The influence of each parameter on the variable studied has been assessed in Table 4. The 
initial particle size of the binder is the most significant factor affecting the granulation growth 
mechanism for FBMG as found in literature data [2, 26; 42], followed by the binder viscosity 
grade and the binder content. 
 
3.2. Agglomerate growth mechanism and morphology 
From the developed model, the variation of the responses (quality attributes of granules) 
according to the process condition was investigated in order to elucidate the effect of every 
factor and of the combined factors on each output 
ACCEPTED MANUSCRIPT
AC
CE
PT
ED
 M
AN
US
CR
IP
T
For the evaluation of the granulation, mechanisms indicated in section 3.1 are confirmed 
through the investigation of granule morphology made by SEM micrographs of the 
agglomerates. As previously reported in literature, there are two different nucleation and 
growth mechanisms during melt granulation: distribution and immersion [17, 23]. The 
distribution mechanism is described as the distribution of the meltable binder on to the surface 
of filler particles creating liquid bonds for wetting, and hence, enabling growth by the 
coalescence of the formed nuclei. On the other hand, the distribution mechanism is 
characterized by the adhesion followed by the immersion of the filler particle on the surface 
of the meltable binder resulting in granule growth [43]. 
The occurrence of either the distribution or the immersion mechanism is according to the 
operating conditions and parameters influencing the agglomeration process. Fig. 3 shows the 
SEM micrographs of granules. 
It is reported that the particle size of the binder plays a major role in granulation growth and 
growth mechanism [23, 26] as in case of a low particle size binder, i.e. the filler particle 
similar or higher in size than the binder particle, the dominant mechanism will be distribution 
since the melted binder will spread on the surface of the filler particles during contact and 
enable the formation of liquid bonds responsible for the adhesion and coalescence of nuclei. 
This system shows granules with a low mean diameter (Fig. 3a) and irregular in morphology, 
which indicates that they are an agglomerate of smaller sub-granules even at high binder 
viscosity grade. 
The recrystallization of melted PEG after cooling can be seen on the surface of lactose and on 
the solid bridges that coalesce nuclei together (Fig. 3b). As for a high binder particle size, i.e. 
the filler particle lower in size than the binder particle, the size of agglomerates increases in a 
different granulation mechanism, the filler particles will adhere and immerse in the binder 
particle (Fig. 3c). 
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Growth will continue by layering of lactose on the surface of the agglomerates. The trapped 
binder particle will be squeezed to the surface due to densification [44] and spreads around 
the lactose particles (Fig. 3d). In case of low binder viscosity grade, it will result in high 
sphericity for the agglomerate will not have enough binding strength to attach to another 
agglomerate and the collision during fluidization will give it a rounded attribute. However, 
when high binder viscosity grade is applied (Fig. 3e), the mechanism of granulation will not 
be affected and the trapped binder will result in a hollow core granule, but the higher binding 
strength will enable the adhesion of agglomerates with each other and will result in irregularly 
shaped granules because of coalescence between one large and one smaller granule (Fig. 3f).  
On the other hand, the binder content will affect the rate of agglomeration and the amount of 
granules with high diameter as well as the granule strength. Indeed, when a low binder 
content was used, the fraction of ungranulated lactose was high with a small fraction of nuclei 
that might be included, indicating that nucleation is the dominant mechanism. Fragile and low 
density granules with low degree of sphericity will be formed (Fig. S1a, Supplementary 
materials).  
 
The increase in binder content will allow further growth by coalescence [19] for the higher 
available wetted surface during granulation. This also leads to denser granules, a higher yield 
and a higher particle size for the possibility of additional agglomeration between nuclei (Fig. 
S1b, Supplementary materials). These attributes are in accordance with the results predicted 
by the ANN model designating the binder particle size as the major factor conducting the 
granulation process, followed by the binder viscosity grade, which can result in further 
growth when used in high level. As a tertiary effect, the content of binder moves forward the 
granulation growth without interfering in the growth mechanism, confirming the good 
prediction of the relative importance of the factors on FBMG process. 
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3.3. Effect of process variables on granule size, size distribution and yield 
Due to the small particle size of the binder, the mean particle size of the granules showed low 
values because the binder size is the parameter with the greatest effect and this process 
condition promotes the distribution mechanism. Hence, low yield values of granulated fine 
particles were found, which explains the broad size distribution, i.e. the high coefficient of 
variation value and the high aspect ratio (Fig. S2 and Fig. S3, Supplementary materials). 
 
On the other hand, the higher binder particle resulted in greater sized granules with a higher 
yield due to the immersion mechanism that took place and reduced the amount of fine 
particles. However, the coefficient of variation was higher than with the small sized binder as 
a result of the low binder viscosity grade and deformability of the binder, which made the gap 
between fine particles and great sized granules more expressed (Fig. S2, Supplementary 
materials), confirming the prediction of the ANN model, which attributed a relative 
importance of 42% to the binder size. 
 
Despite a low binder content and particle size, increasing the binder viscosity grade supported 
a small but distinct increase in the fraction of larger granules. Seo et al. [6] found that a small 
binder size results in small nuclei, and due to the high binder viscosity grade only a small 
fraction will be distributed on lactose particles, which will reduce growth by coalescence. 
A high coefficient of variation value was in accordance with the results of yield and mean 
diameter as granules will not coalesce until the major part of fine particles is agglomerated, 
since agglomeration growth is inversely proportional to the amount of particles according to 
[6, 45]. 
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According to the predicted results of the ANN model, the binder viscosity grade of the binder 
plays a secondary role in the granulation growth. Indeed, with a 36% effect, the growth in this 
system was minor, indicating the small coalescence yield as granules above 150 μm did not 
exceed 53%. 
The low binder viscosity grade enables the formation of very spherical granules since the 
deformation is higher (Table 2). A large particle size with high binder viscosity promotes the 
successful attachment of filler particles to the surface of the binder according to [23]. It is 
noticeable that the size distribution of the final granules remained almost unchanged as we 
can see in (Fig. S2, Supplementary materials), the size distribution was similar irrespective of 
the binder viscosity grade of the molten binder. Hence, the particle size of the initial binder 
was the principal factor affecting the size distribution of the granules, which is in accordance 
with the findings of [23]. 
With a high binder particle size, the driving mechanism of granule formation is immersion. 
Schaafsma et al., [46] and Seo et al. [6] found that with low viscosity, the binder liquid will be 
able to be drained from the inside of the agglomerate to the surface due to capillary pressure 
difference, increasing the possibility for lactose particles to be immersed and hence a higher 
yield of granules with a higher mean particle size (Fig. 4 and Fig.5). However, we could see 
that the granule size distribution was larger because the low binder content and binder 
viscosity grade increased the gap between the lactose particles and the spherical granules with 
higher density.  
The increase in the binder content from 5% to 20% resulted first in a minor increase in the 
granule size with a large fraction of ungranulated lactose. This was due to the loss of powder 
particles from the surface of the granules. The collision with the fluidized particles produced 
weak granules caused by low available wetted surface for nucleation, which is in agreement 
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with the finding of Walker et al. [5] (Fig. 4). This system favors the production of broad 
granule size distribution, with high coefficient of variation values and limits the growth rate. 
 
The ungranulated fraction was slightly reduced with the increase of the binder content and the 
formed liquid bridges resulted in a bigger fraction of granules with greater sizes (Fig. 5). The 
increase in binder content resulted in a narrower agglomerate size distribution, i.e. a lower 
coefficient of variation (Fig. S2, Supplementary materials), indicating growth by coalescence 
between particles which were spherically shaped and had a more packed structure. 
However, studies showed that when the binder amount becomes too high, the liquid bridges 
will amalgamate, resulting in very large granules and a di-fluidized system [47, 48]. 
Particularly, lower values of coefficient of variation were obtained, as a consequence of the 
high density, sufficient bonds leading to irregularly shaped granules as well as the high 
difference that resulted between the size of fine particles and agglomerates (Fig. S2, 
Supplementary materials). 
The results showed that the binder content induces smaller changes in the granule 
characteristics in comparison with the binder particle size and binder viscosity grade. Indeed, 
these process conditions - with a low binder content - yielded more than 90% of granules 
above 150 μm (Fig.4). The coefficient of variation showed high values with low binder 
content as a result of the change in growth mechanism, since the high binder particle size 
induces immersion and the binder saturation generates a small fraction of fine particles.  
 
3.4. Effect of input variables on granule hardness 
Granule breakage is an important process affecting binder distribution and granule size 
processing. Hence it is important to establish the conditions under which breakage will take 
place [49]. The results of the variation of the hardness of granules as a function of the binder 
ACCEPTED MANUSCRIPT
AC
CE
PT
ED
 M
AN
US
CR
IP
T
particle size and content are shown in (Fig. 6). Reported studies indicate that granule strength 
decreases with the decrease in the binder surface tension as the capillary suction pressure is 
proportional to the liquid surface tension [3]. This is in accordance with our result where the 
low binder viscosity grade prevented strong bond formation and resulted in granules with 
weak spherical structure and low strength at low binder particle size, as can be seen for 
granules S04 and S08, but the increase in binder particle size increased the density and 
hardness of granules enabling the immersion mechanism to take place (Fig. S4, 
Supplementary materials). 
However, a high binder viscosity grade decreases the deformability of agglomerates, 
decreasing binder distribution [50], and results in denser, more compact granules as can be 
seen with the increase in hardness (Fig. 6), adding mechanical strength, an elastic character 
and resistance to breakage seen in granule S40, where hardness was at the highest values due 
to high content of binder with high viscosity [23]. 
As for the effect of binder particle size, at a low level with low binder viscosity grade, 
granules will be weak and breakage is likely to occur by preventing effective nucleation, as 
can be seen for the strength measurement where the breaking force is very low (Fig. 5). With 
a high viscosity grade, the rate of granule consolidation decreases as well as the average pore 
size for the higher strength of granules [50]. The increase in binder content at high binder 
particle size also improved the density of granules due to the higher possibility of bridge 
formation between the nuclei (Fig. S5, Supplementary materials).  
Also, a low binder content resulted in low available wetted surface for nucleation, producing 
weak granules, which is in agreement with the finding of Walker et al. [5] (Table. 2). 
However, a high binder content allowed a higher breaking hardness due to the physically 
stable granule structure. The deformation process of granules showed an elastic section, then 
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a viscoelastic deformation followed by an elastic section up to the breaking hardness point 
(Fig. 7). 
On the other hand, the hardness of the granules was low even at a high binder content for low 
binder particle size (Fig. 5 and Fig. S6, Supplementary materials), revealing the low effect on 
the agglomerate, growth into strong granules. Both the viscosity grade and the particle size of 
the binder highly affect the final granule properties and the results showed that the binder 
content induced smaller changes in the characteristics of the granules in comparison with the 
above latter factors of this system. The binder content hence plays a minor role in the 
improvement of the final granule attributes as predicted by the developed ANN model, which 
gave it 22%, thus making it the least effective factor in the system. 
 
3.5. Effect of process variables on granule porosity 
Granule porosity is an important product property to control and optimise granule growth 
mechanisms [49]. 
Decreasing average particle size decreases the rate of granule consolidation. Smaller particles 
increase the volume density of inter-particle contacts and also decrease the average pore size 
through which fluid must be squeezed during consolidation. Both these factors retard 
agglomeration growth. Decreasing the binder particle size also tends to increase the minimum 
porosity reached due to the greater strength of the assembly. However, the particle 
morphology and size distribution will also strongly influence the minimum porosity reached. 
Figure 8 shows the variation of the porosity of granules as a function of the binder diameter 
for different Binder content and viscosity grade. An inversely proportional pattern is seen for 
both PEG grades (2000 and 6000). For low viscosity grade PEG 2000, the increase in binder 
particle size revealed an increase in the porosity. The slope of the proportionality increases 
with the increase in the binder content. These can be explained by the fact that at low binder 
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content and size the distribution mechanism is taking place. During nucleation, the nuclei of 
lactose and PEG particles will have a low porosity similar to the porosity of the raw materials. 
Increasing binder particle size allowed a higher granulation rate and decreased the amount of 
fine lactose particles, which resulted in the increase in the porosity of granules.  
 
3.6. Melt granulation optimization 
Table 5 summarizes the results of the optimization of the agglomeration process with varied 
material attributes. The selection of the optimal combination of input variable was based on 
the production of strong, spherical granules with a homogeneous size distribution and the 
response variables obtained were in an optimal range. Predicted and experimental values of 
all outputs were close and with a residue inferior to 5, indicating that the ANN model was 
able to successfully optimize the process. These results showed immersion as the favorable 
mechanism, which can be advantageous for sustained drug release when using a hydrophobic 
meltable binder, and a hydrophilic meltable binder will help increase the dissolution rate for 
fast drug release. 
 
4. Conclusion 
This study focuses on the elucidation and optimization of the in-situ fluid hot melt granulation 
binding process by means of modelling using ANN. The novelty of these techniques lies in 
the possibility to determine the effect of material properties on the quality attributes of the 
final granules and their growth mechanism. The ANN model and the Garson equation enabled 
the determination of the relative importance of each independent input variable and it 
predicted the particle size of the binder as having the highest impact on the properties of the 
final granules, followed by binder viscosity grade and binder content. These predictions were 
in perfect agreement with the experimental results and enabled a very good correlation with 
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R=0.99 for the simulation and prediction of the formation behavior of the granules. The 
selected ANN model also enabled the acquisition, from the predicted responses, of response 
surfaces for the determination of their variation under the process, selection of the optimal 
input variables and for the optimal output variables and the mechanism dominating the 
agglomeration process. These techniques show their applicability in the determination of the 
critical material attributes regarding the desired quality attributes of the final granules and 
hence allowing the Quality by Design (QbD) approach for the control the FBMG process. 
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Fig. 1. Schematic diagram of the ANN model architecture. 
Fig. 2. Parity plot with the 95% CI of the five predicted outputs versus the measured 
experimental data. 
Fig. 3. SEM pictures of: (a) granules prepared with 15% of PEG 6000 with binder particle 
size (125-250 µm); (b) close up to the surface of granules prepared with 15% of PEG 6000 
with binder particle size (125-250 µm); (c) granules prepared with 10% of PEG 2000 with 
binder particle size (500-710 µm); (d) cross section of nuclei of a granule prepared with 10% 
of PEG 6000 with binder particle size (500-710 µm); (e) granules prepared with 10% of PEG 
6000 with binder particle size (500-710 µm); (f) a cross section of a granule prepared with 
10% of PEG 6000 with binder particle size (500-710 µm). 
Fig. 4. Contour plot of the variation of the yield (Y) as a function of the binder particle size 
and binder content for PEG 2000 and 6000, respectively. 
Fig. 5. Contour plot of the variation of the mean diameter (D50) as a function of the binder 
particle size and binder content for PEG 2000 and 6000, respectively. 
Fig. 6. Contour plot of the variation of hardness (H) as a function of the binder particle size 
and binder content for PEG 2000 and 6000, respectively. 
Fig. 7. Deformation process of granule prepared with PEG 6000 (S35). 
Fig. 8. Evaluation of granule porosity as a function of binder diameter for different binder 
content and viscosity. 
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Fig. S1. SEM pictures of: (a) granules prepared with 10% PEG 6000 with binder particle size 
(250-500 µm); (b) granules prepared with 15% PEG 6000 with binder particle size (250-500 
µm). 
Fig. S2. Contour plot of the variation of the coefficient of variation (CV) as a function of the 
binder particle size and binder content for PEG 2000 and 6000, respectively. 
Fig. S3. Contour plot of the variation of the aspect ratio (AR) as a function of the binder 
particle size and binder content for PEG 2000 and 6000, respectively. 
Fig. S4. Deformation process of granule prepared with PEG 2000 (S11). 
Fig. S5. Deformation process of granule prepared with PEG 6000 (S40). 
Fig. S6. Deformation process of granule prepared with PEG 2000 (S04). 
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Table 1:  Process parameters of the granulation experiments. 
Sample 
PEG Viscosity 
Grade 
PEG Content 
(%) 
PEG Particle Size 
(µm) 
Outlet temperature 
(°C) 
S01 2000 5 125-250 60 
S02 2000 10 125-250 60 
S03 2000 15 125-250 60 
S04 2000 20 125-250 60 
S05 2000 5 250-500 60 
S06 2000 10 250-500 60 
S07 2000 15 250-500 60 
S08 2000 20 250-500 60 
S09 2000 5 500-710 60 
S10 2000 10 500-710 60 
S11 2000 15 500-710 60 
S12 2000 20 500-710 60 
S13 2000 5 710-900 60 
S14 2000 10 710-900 60 
S15 2000 15 710-900 60 
S16 2000 20 710-900 60 
S17 2000 5 900-1120 60 
S18 2000 10 900-1120 60 
S19 2000 15 900-1120 60 
S20 2000 20 900-1120 60 
S21 6000 5 63-125 70 
S22 6000 10 63-125 70 
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Sample 
PEG Viscosity 
Grade 
PEG Content 
(%) 
PEG Particle Size 
(µm) 
Outlet temperature 
(°C) 
S23 6000 15 63-125 70 
S24 6000 20 63-125 70 
S25 6000 5 125-250 70 
S26 6000 10 125-250 70 
S27 6000 15 125-250 70 
S28 6000 20 125-250 70 
S29 6000 5 250-500 70 
S30 6000 10 250-500 70 
S31 6000 15 250-500 70 
S32 6000 20 250-500 70 
S33 6000 5 500-700 70 
S34 6000 10 500-710 70 
S35 6000 15 500-710 70 
S36 6000 20 500-710 70 
S37 6000 5 710-900 70 
S38 6000 10 710-900 70 
S39 6000 15 710-900 70 
S40 6000 20 710-900 70 
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Table 2: Responses of granules samples according to the process conditions. 
Sample Yield (%) D50 (µm) Coefficient of variation Hardness Aspect ratio 
S01 42 110.236 70.845 0.37 1.723 
S02 54 128.757 61.546 0.48 1.704 
S03 61 213.654 57.005 0.56 1.654 
S04 74 366.142 52.845 0.64 1.561 
S05 59 423.426 83.454 0.44 1.639 
S06 68 577.551 76.545 0.58 1.602 
S07 75 670.795 69.616 0.67 1.554 
S08 88 732.263 64.854 0.83 1.503 
S09 72 534.869 95.639 0.78 1.287 
S10 83 594.238 88.907 0.84 1.189 
S11 91 661.114 79.789 0.92 1.119 
S12 92 786.267 73.562 1.04 1.103 
S13 84 716.576 103.845 1.16 1.303 
S14 90 789.531 94.201 1.34 1.223 
S15 92 814.019 83.722 1.58 1.184 
S16 93 863.863 78.368 1.90 1.112 
S17 88 791.567 110.548 1.72 1.418 
S18 91 832.736 97.235 1.87 1.381 
S19 90 856.232 88.963 2.11 1.306 
S20 94 896.638 80.864 2.36 1.272 
S21 44 95.400 59.709 0.31 1.662 
S22 49 112.247 52.007 0.36 1.532 
S23 54 139.605 45.081 0.42 1.591 
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Sample Yield (%) D50 (µm) Coefficient of variation Hardness Aspect ratio 
S24 67 205.759 36.573 0.48 1.652 
S25 50 120.956 88.545 0.40 1.336 
S26 62 181.912 75.399 0.52 1.315 
S27 77 259.451 63.636 0.60 1.286 
S28 90 387.156 54.589 0.78 1.252 
S29 77 448.569 113.749 0.91 1.486 
S30 86 529.357 90.310 1.04 1.413 
S31 89 579.609 73.934 1.13 1.268 
S32 91 659.143 63.987 1.22 1.213 
S33 84 687.241 129.087 1.15 1.481 
S34 86 729.260 96.419 1.37 1.344 
S35 90 791.245 79.218 1.68 1.316 
S36 93 830.459 68.145 1.86 1.238 
S37 85 783.548 133.128 2.07 1.403 
S38 92 814.965 100.235 2.13 1.391 
S39 94 859.861 84.169 2.32 1.357 
S40 95 886.125 72.654 2.65 1.348 
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Table 3: Variation of the Mean Square Error: MSE, epoch and the coefficient of correlation 
for the training and testing of the model as a function of the number of neurons. 
Number of neurons MSE Epoch 
Coefficient of correlation 
training testing 
01 neuron 0.24031 27 0.63093 0.63293 
02 neurons 0.06958 10 0.85742 0.85791 
03 neurons 0.03837 65 0.96977 0.94223 
04 neurons 0.02633 01 0.92888 0.93924 
05 neurons 0.01562 16 0.98706 0.98635 
06 neurons 0.01928 19 0.98701 0.98531 
07 neurons 0.01777 3 0.98101 0.97534 
08 neurons 0.01757 19 0.98456 0.97531 
09 neurons 0.01817 07 0.98542 0.97635 
10 neurons 0.02015 18 0.94853 0.94434 
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Table 4: Weights of the designed ANN model and the relative importance (%) of the inputs 
(Viscosity grade: V (grade), Content: C (%) and Particle Size: S (µm)) on the outputs (Yield: 
Y (%), Mean Diameter: D50 (µm), Coefficient of Variation: CV (%), Hardness: H (N), Aspect 
Ratio: AR, Relative Importance: R.I.). 
Hidden 
neurons 
Weights 
V (grade) C (%) S (µm) Y (%) D50 (µm) CV (%) H (N) AR 
Hidden 1 0.32 -0.76 0.39 0.75 0,49 -3,99 1,07 0,05 
Hidden 2 2.20 0.017 -1.08 1.72 -2,65 -3,02 0,48 0,04 
Hidden 3 -0.02 -0.22 -0.19 3.06 -1,79 0,42 0,27 0,09 
Hidden 4 1.79 -0.08 5.59 1.49 -2,41 -2,81 -0,09 0,55 
Hidden 5 2.91 -0.34 1.29 0.33 -2,23 1,48 -4,19 1,09 
R. I. (%) 36 22 42 - - - - - 
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Table 5: Ideal values of inputs, predicted and experimental values of outputs. (Viscosity 
grade: V (grade), Content: C (%) and Particle Size: S (µm)) on the outputs (Yield: Y (%), 
Mean Diameter: D50 (µm), Coefficient of Variation: CV (%), Hardness: H (N), Aspect Ratio: 
AR). 
Data  
Inputs Outputs 
V (grade) C (%) S (µm) Y (%) D50 (µm) CV (%) H (N) AR 
Experimental data 6000 20 710-900 93 830.459 68.145 1.860 1.238 
Predicted data - - - 94,271 834,662 70,663 2,012 1,226 
Residue - - - -1,271 -4.203 -2.518 -0.152 -0.012 
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Highlights 
 Multilayer perceptron for modeling in-situ FBMG using ANN toolbox in MATLAB 
 Garson equation identified binder particle size as leading factor of granule traits 
 SEM and PSD helped validate the predictions made by the ANN model 
 Distribution and immersion growth mechanisms controlled by materials attributes 
 Response surfaces determined the design space and the optimal FBMG conditions 
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